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measure	 β-diversity	 from	 airborne	 or	 satellite	 remote	 sensing,	mainly	 based	 on:	 
(1)	multivariate	statistical	analysis,	(2)	the	spectral	species	concept,	(3)	self-organizing	



















represent	 a	 powerful	 tool	 (Rocchini	 et	 al.,	 2017),	 particularly	when	







tion	have	 relied	on	 the	estimate	of	 local	diversity	hotspots,	 consid-
ering	land	use	diversity	(Wegmann	et	al.,	2017)	or	continuous	spatial	
variability	of	the	spectral	signal	(Rocchini	et	al.,	2010).	This	is	mainly	
grounded	 in	 the	 assumption	 that	 a	 higher	 landscape	 heterogeneity	
is	 strictly	 related	 to	 a	 higher	 amount	 of	 species	 occupying	 differ-
ent	 niches	 (Scmheller	 et	 al.,	 in	 press).	 However,	 given	 two	 sites	 s1 
and s2,	 the	 final	diversity	 is	not	only	 related	to	 the	species/spectral	
richness	of	 s1 and s2,	 but	 overall	 to	 the	 amount	of	 shared	 species/
spectral	values.	In	other	words,	the	lower	the	their	intersection	s1∩s2,	
the	 higher	will	 be	 the	 total	 diversity,	 while	 the	 lowest	 total	 diver-
sity	will	 be	 reached	when	 s1∩s2 = s1∪s2.	 Such	 intersection	has	been	
widely	studied	in	ecology,	after	the	development	of	β-diversity	theory	
(Whittaker,	1960).
Tuomisto	 et	al.	 (2003)	 demonstrated	 the	 power	 of	 substituting	
distance	 in	 Equation	 1	 by	 spectral	 distance	 to	 directly	 account	 for	
the	 distance	 between	 sites	 in	 an	 environmental	 space,	 instead	 of	 a	
merely	spatial	one.	However,	while	 spectral	distance	examples	exist	














(and	 enhancing)	most	 of	 the	 available	methods	 for	 estimating	 β-di-
versity	from	remotely	sensed	imagery	and	potentially	relate	them	to	
	species	diversity	in	the	field.
2  | MULTIVARIATE STATISTICAL ANALYSIS 






















urement.	This	manuscript	 is	 the	first	methodological	example	encompassing	 (and	
enhancing)	most	of	the	available	methods	for	estimating	β-diversity	from	remotely	
sensed	imagery	and	potentially	relating	them	to	species	diversity	in	the	field.
K E Y W O R D S
β-diversity,	Kohonen	self-organizing	feature	maps,	Rao's	Q	diversity	index,	remote	sensing,	
satellite	imagery,	sparse	generalized	dissimilarity	model,	spectral	species	concept





for	 such	 analyses.	 The	 axes	 (i.e.,	 gradients)	 of	 the	 DCA	 ordination	
space	are	scaled	in	SD	units,	where	a	distance	of	4	SD	is	related	to	a	full	
species	 turnover.	This	enables	a	versatile	analysis	 that	easily	 reveals	
whether	two	sampled	sites	still	have	species	in	common.
Several	 studies	have	mapped	 the	ordination	space	using	 remote	
sensing	 data	 (e.g.,	 Feilhauer	 &	 Schmidtlein,	 2009;	 Feilhauer,	 Faude,	
&	Schmidtlein,	2011;	Feilhauer	et	al.,	2014;	Gu,	Singh,	&	Townsend,	
2015;	Harris	 et	al.,	 2015;	 Leitão	et	al.,	 2015;	Neumann	et	al.,	 2015;	
Schmidtlein	&	Sassin,	2004;	Schmidtlein,	Zimmermann,	Schüpferling,	
&	Weiss,	2007).	For	this	purpose,	the	axes	scores	of	the	sampled	sites	
are	 regressed	 against	 the	 corresponding	 canopy	 reflectance	 values	
extracted	from	air-	or	spaceborne	image	data.	The	resulting	multivar-
iate	regression	models,	one	per	ordination	axis	and	most	often	gener-












neighbourhood.	 Such	 techniques	 have	 been	 further	 developed	 e.g.	








Analyses	 like	 this	 require	 two	 different	 datasets:	 (1)	 a	 sample	
of	field	data	that	is	representative	for	the	vegetation	in	the	studied	





F I G U R E  1   	An	example	of	how	to	couple	information	on	
compositional	properties	of	the	landscape	by	optical	data	together	
with	structural	(3D)	properties	by	laser	scanning	LiDAR	data
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3  | THE SPECTRAL SPECIES CONCEPT
The	spectral	species	concept	has	been	proposed	by	Féret	and	Asner	
(2014a)	 to	map	 both	α and β	 component	 of	 the	 biodiversity	 using	
a	 unique	 framework.	 It	 is	 rooted	 in	 the	 convergence	 between	 two	
other	concepts,	the	spectral	variation	hypothesis	(SVH)	proposed	by	
Palmer,	 Earls,	 Hoagland,	 White,	 and	Wohlgemuth	 (2002),	 and	 the	
plant	optical	types	proposed	by	Ustin	and	Gamon	(2010),	sustained	
by	the	technological	advances	 in	 the	domain	of	high	spatial	 resolu-
tion	imaging	spectroscopy.	The	SVH	states	that	the	spatial	variability	






ral	 resolution),	 the	 type	of	vegetation	 investigated,	and	 the	metrics	
derived	from	remotely	sensed	information	to	estimate	spectral	heter-
ogeneity.	Plant	optical	types	refer	to	the	capacity	of	sensors	to	meas-
ure	 signals	 that	 aggregate	 information	 about	 vegetation	 structure,	






copy	are	 sufficient	 to	perform	analyses	of	plant	optical	 traits	at	 the	











fication	models,	which	 is	also	directly	 linked	to	their	 low	generaliza-
tion	ability	in	time	and	space.	Unsupervised	approaches	then	appear	
as	valuable	alternatives	 for	 the	analysis	of	ecosystem	heterogeneity	









on	 multiple	 clustering	 of	 spectroscopic	 data	 acquired	 at	 landscape	
scale.	These	pixels,	labelled	with	a	set	of	the	so-called	spectral	species,	
can	 then	be	used	 straightforwardly	 in	 order	 to	 compute	various	 di-
versity	metrics	such	as	Shannon	index	for	α	diversity,	and	Bray-Curtis	
dissimilarity	 for	β	 diversity.	The	pre-processing	 stage	 is	 divided	 into	
several	stages.	After	masking	all	non-vegetated	pixels,	a	normalization	







sual	 inspection	or	automated	 routines,	 if	 initial	data	 show	sufficient	
signal	to	noise	ratio.	Once	a	limited	number	of	components	have	been	




















spectroscopy	 (Figure	 3).	 A	 generic	 parameterization	 of	 the	 method	

























distant.	Because	 the	data	sites	 in	 the	output	space	are	arranged	by	
F I G U R E  3   	Spectral	species	can	be	identified	in	a	hyper-	or	multispectral	image	by	spatial	clustering	method	and	their	distribution	can	be	
mapped.	Such	maps	can	further	be	used	to	apply	local-based	heterogeneity	measurements	(α-diversity)	as	well	as	iterative	distance-based	
methods	to	build	β-diversity	maps.	Reproduced	from	Féret	and	Asner	(2014a)








































5  | MULTIDIMENSIONAL DISTANCE 









into	 community	 composition	 and	 turnover	 (Legendre	 et	al.,	 2005;	
Tahvanainen,	2011).















One	 such	 development	 is	 the	 phylogenetic	 GDM	 (phylo-GDM;	
Rosauer	 et	al.,	 2014),	 which	 incorporates	 phylogenetic	 dissimilari-
ties	 into	GDM	and	allows	 for	analysing	and	predicting	phylogenetic	
β-diversity,	 thus	 linking	 ecological	 and	 evolutionary	 processes.	 This	
method	 can	 provide	 novel	 insights	 into	 the	mechanisms	 underlying	
current	patterns	of	biological	diversity	(Graham	&	Fine,	2008).	Another	




els	and	 I-splines,	although	with	no	conclusive	 results	 relating	 to	 the	
best	method	 overall.	They	 concluded,	 however,	 that	when	 applying	
MS-GDM	to	a	high	number	of	samples,	they	could	better	explain	the	
drivers	of	species	turnover.	Also,	an	important	development	of	GDM	

















ner,	 in	 order	 to	minimize	 the	 cross-validate	 root	mean	 square	 error	









6  | RAO’S Q DIVERSITY
Most	 of	 the	 previously	 shown	 metrics	 are	 based	 on	 the	 distance	
among	 pixel	 values	 in	 a	 multidimensional	 spectral	 space.	 None	
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One	of	 the	metrics	 accounting	 for	 both	 the	 abundance	 and	 the	
pairwise	spectral	distance	among	pixels	is	the	Rao's	Q	diversity	index,	
as	follows:
where	dij	=	spectral	distance	among	pixels	 i and j and p = proportion 
of	occupied	area.
Hence,	 Rao's	Q	 is	 capable	 of	 discriminating	 among	 the	 ecologi-
cal	diversity	of	matrices	(3)	and	(4),	turning	out	to	be	4.59	and	90.70,	
















Within	 the	 test	 site,	 polyculture	 under	 the	 small	 farming	 con-
text	 (e.g.,	 vegetable	 gardens,	 orchards,	 and	 cereal	 crops)	 is	 an	 im-
portant	feature	of	this	landscape	by	generating	a	high	compositional	
and	configurational	 spatial	heterogeneity	 (Figure	6).	The	main	goal	
in	using	this	case	study	 is	 to	demonstrate	 the	potential	and	effec-
tiveness	of	the	Rao's	Q	index	in	producing	accurately	remote	sens-
ing-based	 maps	 of	 spatial	 diversity	 over	 such	 complex	 landscape.	
For	 this	 study,	 a	 cloud-free	 Sentinel-2A	 (S2A)	 image	 acquired	 on	
August	 8,	 2016	was	used	 to	 compute	 the	NDVI	 at	 a	 10	m	 spatial	
resolution.	The	S2A	image	download	as	well	as	the	atmospheric	cor-





























dij × pi × pj










Remote sensing data Biodiversity data
Canonical components Community dissimilarity
Beta-diversity map
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land	 cover	 types,	 one-way	ANOVA	 tests	were	 performed.	This	 ap-
proach	was	 used	 for	 analysing	 the	 degree	 of	 dissimilarity	 between	
Rao's	Q	and	Shannon	H	 index	across	 two	high	complex	 land	cover	
types;	 (1)	 montado,	 and	 (2)	 polyculture.	 To	 do	 so,	 a	 sample	 of	 60	
squares	with	 250	×	250	m2	 size	was	 randomly	 selected	 over	 these	
two	land	cover	types.	Each	square	represents	a	sample	of	625	S2A	
NDVI	 pixels,	 thus	 corresponding	 to	 a	 total	 of	 37,500	pixels	 over	
the	60	 squares.	 For	 the	 comparison	between	both	 indices,	 the	 co-
efficient	 of	 variation	 (CV)	 was	 calculated	 for	 each	 250	×	250	m2. 
Regarding	 the	 Rao's	Q	 performance,	 Figure	 6	 clearly	 points	 to	 the	
significant	 improvements	shown	by	Rao's	Q	 index	compared	to	the	






















F I G U R E  6   	Upper	panels:	Sentinel-2A	scene	(August	8,	2016)	and	derived	NDVI	for	the	agro-forestry	systems	test	site	located	in	southern	
Portugal.	Lower	panels:	results	from	Shannon's	H	and	Rao's	Q	indices	computation.	Shannon	index	tends	to	overestimate	the	landscape	diversity	
when	compared	to	the	Rao's	Q	index
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Biodiversity	measured	as	species	richness	is	often	used	for	conser-
vation	purposes,	hence	the	importance	of	avoiding	an	under-	or	over-




















timation	 from	 remote	 sensing	 are	mainly	 based	 on	 distances,	 but	
they	 could	 be	 effectively	 translated	 to	 relative	 abundance-based	
methods.	As	an	example	Rocchini	et	al.	(2013)	introduced	the	pos-
sibility	 of	 applying	 generalized	 entropy	 theory	 to	 satellite	 images	
with	one	single	formula	representing	a	continuum	of	diversity	mea-
sures	 changing	 one	 parameter.	 One	 of	 the	 best	 examples	 in	 this	




in	several	diversity	 indices,	e.g.	 for	q = 0 qD	 is	 the	simple	number	of	
species,	for		lim	(q)	=	1	qD	equals	Shannon's	entropy,	etc.	(Hsieh,	Ma,	
&	Chao,	2016).
Furthermore,	 connectivity	 analysis	 might	 also	 be	 taken	 into	 ac-
count	 (Moilanen	 et	al.,	 2005,	 2009).	 For	 instance,	 a	 remote	 sens-
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